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Abstract
The demand placement in e-commerce retail provides a lot of research opportunities. The
delay between the order request and depletion from the inventory (reffered to as “ordering win-
dow”) allows the retailer to take advantage in order to reduce holding and stockout costs. In this
research we want to assess the potential advantages of using a customized inventory policy to be
implemented in the darkstores that takes into account this flexibility. This study presents an (s,Q)
inventory policy that explicitly accounts for the ordering window. We consider that the customer
demand as well as the customer ordering window are stochastic, and we focus in the products that
are fulfilled through the darkstore. Considering the flexibility provided by the ordering windows
we are able to find the optimal parameters for the policy, applying an iterative procedure that uses
analytical expressions. The study provides a numerical experiment using simulation to validate
the policy. It also incorporates a numerical comparison of the total cost between the traditional
policy and the adapted policy to e-commerce retail that this study develops. Our policy provides
significant savings. Nevertheless, this is just a first step in exploring inventory policies that account
for the ordering window of e-commerce customers.
iii
iv
Resumo
A colocação de encomendas no e-commerce de retalho oferece uma série de oportunidades
em termos de investigação. O período de tempo entre o pedido de encomenda e a redução do
inventário (denominado por “janela de encomenda“) permite ao retalhista reduzir os custos de in-
ventário e de rutura. Neste estudo, pretende-se avaliar as potenciais vantagens da utilização de uma
política de inventário personalizada, para ser implementada em darkstores, e que leve em conta
essa flexibilidade. Este estudo apresenta uma política (s,Q) que considera a janela de encomenda
explicitamente. A procura, bem como a janela de encomenda, são consideradas estocásticas, e
o foco é colocado nos produtos que são fornecidos através da darkstore. Considerando a flex-
ibilidade proporcionada pelas janelas de encomenda, é possível encontrar os parâmetros ótimos
para a referida política, aplicando um processo iterativo que usa expressões analíticas. O estudo
reporta testes numéricos utilizando simulação para validar a política. Para além disso, é incluída
uma comparação numérica do custo total entre a política tradicional e a política adaptada para
e-commerce de retalho que este estudo se desenvolve. Esta última oferece poupanças significati-
vas. No entanto, este é apenas um primeiro passo na exploração das políticas de inventário que
consideram a janela de encomenda dos clientes de e-commerce.
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Chapter 1
Introduction
Electronic commerce (e-commerce) has risen considerably over the last years with the com-
moditization of internet. Although it started mostly associated with the financial and the airline
industry, nowadays, e-commerce is present in virtually all industries, including the retail industry
(e-tailing) (Gunasekaran et al., 2002).
E-commerce sales in Portugal in 2014 were approximately 626 million euros, representing
3% of total retail sales. This figure is not transversal throughout all sectors. In office supplies,
e-commerce accounts for approximately 50% of total sales. Furthermore, e-commerce is growing
globally at an annual rate of approximately 15%. Hence, this channel should be responsible for
more than 1 billion of total retail sales in Portugal in 2018 (Mulpuru et al., 2015).
Globally, retailers in every sector are improving the ability of meeting the growing customer
willingness to purchase in this channel. In the grocery sector, players are lagging behind in this in-
vestment efforts to find new business models for accommodating e-commerce. From past retailers
that moved or started completely online, it is clear that the profit in this channel is not guaranteed.
Operations in e-commerce are harder to manage and that leads directly to high fulfillment costs.
Actually, most e-tailers are losing money in every transaction. Even in Amazon it is estimated
that every sale (besides books) leads to a loss of about $7 (Barsh et al., 2000). This setting is
emphasized in the grocery sector, which has rather thin margins.
The scenario changes for grocery retailers that have already their brick-and-mortar network
implemented and that are using e-commerce to expand their physical operation. In this case,
relevant costs are more controlled, such as the high costs necessary to acquire on-line customers.
Usually these players rely on a system with stores and darkstores to fulfill their online customers.
Examples of grocery retailers operating with this strategy are Asda, Waitrose and Tesco. In this
system, the darkstore is completely dedicated to fulfill e-commerce demand for products with high
turnover and low perishability, and the support store fulfills the long tail, highly perishable ones.
The direct advantages of these systems (store-darkstore) are the increased customer service levels
leveraged by the higher stock availability, the improved picking and delivery productivity and the
expanded operational capacity.
Besides the above mentioned order fulfillment costs, inventory costs play an important role in
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the operational margin. On one hand, with darkstores the duplication of stock locations may lead
to higher inventory costs and, on the other hand, the flexibility that is available in the relationship
between the customer ordering window and the supplier lead time may lead to lower inventory
costs. In this research we want to assess the potential advantages of using a customized inventory
policy to be implemented in the darkstores that takes into account this flexibility.
We consider a setting in which the customer places the order in the retailer’s e-commerce
website. Besides choosing which products he would like to receive at home, he also schedules the
hour and day that suits him the most for receiving the goods. The difference between the date of
placing and receiving the order is the customer ordering window. In the e-commerce of groceries
it is common for customers not choosing to receive the products as soon as possible, because it
is usually important that somebody is at home by that time. This setting is rather different from
other sectors in which the presence of the customer is not critical upon the delivery of goods. We
consider that both the customer demand as well as the customer ordering window is stochastic, and
we focus in the products that are fulfilled through the darkstore. Upstream of this stock point, we
consider that there is a central warehouse that replenishes the darkstore in a short and deterministic
lead time.
To manage the inventory in the darkstore, we study a continuous review policy that incorpo-
rates the particularities of e-commerce inventory management. Specifically, we analyze the (s,Q)
policy, in which the retailer orders Q units whenever his inventory level reaches s. As in the classic
(s,Q) model, the retailer’s objective is to minimize expected costs due to inventory holding, order
setups, and shortages (Silver et al., 1998).
Our contribution in this study is two-fold. Firstly, we present an inventory policy that explicitly
accounts for the ordering window of e-commerce customers. To the best of our knowledge, this
is the first time that such characteristic is incorporated in the e-commerce inventory management.
Secondly, we study the reduction of the inventory management costs that can be achieved through
this policy when compared to a traditional (s,Q) policy, varying both the coefficient of variance of
the demand and the ordering window pattern.
From a practical point of view, this research helps to understand the impact of one of the gears
that is available for retailers to lower their ordering fulfillment costs.
The rest of the thesis is organized as follows. Chapter 2 reviews the literature on e-commerce
operations management and advance demand information. Chapter 3 presents the methodology
proposed in the literature to obtain the optimal (s,Q) values in the traditional retail context. Chap-
ter 4 extends this methodology to take into account the e-commerce features. Chapter 5 analyzes
a computational study in which the advantages of this policy in comparison to a traditional (s,Q)
policy are assessed. Finally, Chapter 6 summarizes the results/findings and contributions of this
study and proposes several future research directions.
Chapter 2
Literature review
The literature review of e-commerce retail will be divided in two main sections. Firstly, the dif-
ferent approaches that have been suggested yo tackle a variety of inventory management problems
in the context of e-commerce will be exposed. Such approaches include replenishment policies
and optimization models. Secondly, the literature related to advance demand information and its
interactions with inventory management will be introduced.
2.1 Inventory models for e-commerce retail
Since online retailing continues to grow, finding ways to reduce fulfillment costs will be-
come increasingly important. One important difference between traditional and online retail is the
placement of the order. In e-commerce retail there is a delay between the moment when an order
is requested and the moment when its products are taken from the inventory to be delivered. In
traditional retail these moments are simultaneous, as products are taken directly from the shelf as
soon as the customer orders. In e-commerce retail, the time window between those two moments
opens different streams of research to be studied. Acimovic (2012) lists three cases in which the
retailer can take advantage, if this time window occurs. The first regards the fact that with this
time window the retailer has time to follow strategies that cannot be performed in real time and
that can help making better choices in terms of inventory management. The second one is to use
this time window to count on in-transit inventory, which can provide the retailer the opportunity to
delay shipments or depletions until the time that is more favorable. And lastly, the third advantage
that this time window provides is the option of moving items between fulfillment centers. This
dissertation studies the benefit associated with this delay, based on the second case, and tries to
assess if this benefit is significant or not to the e-commerce retailer.
Demand being placed online provides a lot of research opportunities in e-commerce retail.
In the last years, e-commerce has led to substantial modifications in supply chain management.
The study of Hovelaque et al. (2007) draws attention to the need to address some aspects that
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the development of e-commerce generates in the field of operations research and management
science. The authors consider that questions concerning supply chain management represent one
of the focal points of e-commerce. From the authors perspective, focusing the studies on the
optimization of costs, such as shipping cost, involves not only transport optimization, but also, on
a larger scale, inventory policy and the management of product flows throughout the entire supply
chain. Thereby, they discus how to determine the localization of the stocks in the chain and who
should decide the quantities to be produced in order to reduce the risks of shortage for the final
consumer. Their paper aims to evaluate, with a simple and exploratory model, whether inventory
location and ordering policies can affect supply chain efficiency when both Internet and physical
channels coexist.
E-commerce retail presents different organizational models with regard to the supply chain
structures. Hovelaque et al. (2007) identify three major organizational models, which are cur-
rently implemented, and studies them by using a newsboy-based order policy model (Vincent,
2003) (Stevenson, 1996). The authors compare the advantages between them and to note the im-
pact of some parameters on inventory and flow management policies in the structure of the supply
chain. These three models are: store-picking, warehouse-picking and drop-shipping (see Fig-
ure 2.1). Store-picking consists in satisfying an online order off the shelf in the closest shop to the
customer’s home. The customer places the order through the retailer’s website and the information
is sent to the store, where the products are picked directly from the shelves. For what concerns
to the retailer, he places his own orders to the suppliers according to the expected demands from
both e-commerce and traditional costumers. In this case, the retailer is the one to make all the
decisions. The second proposed model, dedicates a warehouse reserved for e-commerce orders.
The products corresponding to these orders are prepared in these warehouses and shipped out to
the customers. The supplier then receives two types of orders: from the traditional consumers and
the others from the e-commerce consumers. In the third model, e-commerce orders are sent to the
supplier that manages the stock and handles the order delivery. In this case, the retailer receives
the e-commerce order and sends it directly to the supplier who decides on his own the quanti-
ties to be manufactured and it is his responsibility, and not the retailer’s, any over-stocking due to
wrong demand forecasts. The newsboy model proposed by the authors compares the three types of
structures regarding the effect of the uncertainties that a given retailer has to deal with in order to
determine the optimal stock size taking into consideration risks related to shortage and overstock.
This model allows to compute the order quantity, which maximizes the retailer’s profit under a
stochastic demand. The study arrives into the conclusion that a drop-shipping structure is always
preferable for the retailer and, conversely, always less advantageous for the supplier because this
solution places the entire risk burden of shortages and over-stocking on the supplier solely.
The advantages and disadvantages of using drop-shipping are further explored by Khouja
(2001). In this study, the authors design an optimal mix strategy, which captures the advantages
of drop shipping, and avoids many of its shortcomings by using two different optimization crite-
rion, maximizing the expected profit and maximizing the probability of achieving a target profit.
Amongst the most relevant work in this field, this study lists two other papers: one also from
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Figure 2.1: Product and information flows in three different supply chain structures (Hovelaque
et al., 2007)
Khouja and Stylianou (2009) and the other one from Wu and Chen (2013).
The authors of the first paper develop two (s,Q) inventory models that allow the retailer to use
the drop-shipping option, which has significant advantages. Moreover, drop-shipping provides the
option of saving holding cost, and reduce shipping and processing costs. In their study, they de-
velop two models in case of a shortage during the lead-time. The first model considers the units of
shortage back-ordered, whereas the second model considers the sales as lost. In both models, they
derive closed-form expressions for the optimal solutions under exponential and uniform demand
distributions. With a numerical sensitivity analysis the authors arrive at the conclusion that the
availability of the drop-shipping option will decrease both parameters s and Q. They further con-
clude that this decrease is largest when the ratio between the per-unit drop-shipping cost and the
back-order cost is small, when the per-unit holding cost is large, and when the lead-time is long.
In such a case, the optimal reorder point may become zero. They also observe that the optimal
values of the parameters depend on whether the part of the demand that cannot be drop-shipped is
considered as a back-order or as lost.
The authors of the second paper develop a (s,Q) inventory model, which maximizes the ex-
pected profit. Considering a stochastic demand and lead-time, customers are divided into two
grades,and online retailers can use drop-shipping as an order fulfillment option with their inven-
tory model. The results of the simulation indicate that threshold strategy improves the online
retailer’s customer service level and expected profit. In addition,the random factors have signifi-
cant influence on the profit maximization threshold.
Due to our contribution, study is presents an inventory (s,Q) policy that explicitly accounts
for the ordering window of e-commerce customers but not just particularly for drop-shipping. We
want to assess the potential advantages of using a customized inventory policy to be implemented
in the darkstores. To the best of our knowledge, this is the first time that such characteristic is
incorporated in the e-commerce inventory management.
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2.2 Advance demand information
The literature on advance demand information in the context of inventory management has
almost 20 years. Gallego and Özer (2001) is one of the earliest papers to explore the concept
of advance demand information. They establish the form of optimal replenishment policies, a
state dependent (s,S) model, for a periodic review model with ADI in a single-location inventory
problem with zero and positive set-up cost. After this paper, this stream of research evolves in
different directions.
One line of related research focuses on applying periodic review models with ADI to more
complex systems. Özer (2003) studies in inventory problems multiechelon series systems. Ana-
lyzes a centralized system with one warehouse serving multiple retailers. Wang and Toktay (2008)
also consider the incorporation of flexible delivery into inventory models with ADI.
Chen (2001) studies the cost of customer segmentation, in a single product monopoly market,
where customers will only accept a shipment delay in exchange of a discounted price for the
product.
Later research develops the concept of imperfect ADI, i.e. imperfect information on future
demand, with some degree of uncertainty. In this new line of research we can find Huang and
Van Mieghem (2014), that analyze how clickstream data from non-transitional websites can im-
prove operational forecasting and inventory management. In Bernstein and DeCroix (2014) dif-
ferentiate two types of (possibly imperfect) ADI, in a multiproduct system: total demand volume
across products, and demand mix between products. The authors study to understand the impact
the impact of them in a firm that must choose capacities of resources that will be used to satisfy
demand for multiple products.
The novelty of this dissertation, when compared to the reviewed papers on e-commerce and
ADI, is that the company only commits to a customer if there is product available to satisfy his
order. Stockout will then represent cases where the retailer cannot commit to a customer order.
Chapter 3
(s,Q) policy in traditional retail
This section will present a (s,Q) inventory policy for traditional retail, suggested by Silver
et al. (1998). They list different approaches of the four most common control systems under
probabilistic demand. In this research we focus on the (s,Q) decision system. To find the s and
Q parameters simultaneously, the authors provide an iterative procedure which determines s and
Q alternately. This policy is particular interesting for faster-moving items, α-service level metrics
and normally distributed demand during the lead-time.
3.1 Main assumptions and notations in traditional retail (s,Q) policy
The following assumptions establish the limits of applicability and optimality of the (s,Q)
policy that is going to be presented1 (either traditional retail or e-commerce):
1. The demand is considered stationary.
2. A replenishment order of size Q is placed when the inventory position is exactly at the
reorder point s. Equivalently, it is assumed that all the demand transactions are of unit size.
3. The lead-time is considered constant.
4. The average level of backorders is considered negligibly small when compared to the aver-
age level of on-hand stock. This results from the fact that the unit stockout cost is assumed
to be very high.
5. Forecast errors have a normal distribution, where the average is zero and the standard devi-
ation σL over a lead time L.
6. In case of needing a value of Q in the iterative procedures, it is assumed to have been
predetermined.
1Actually this assumptions are the ones that Silver et al. (1998) establish in their suggested policy that this study is
based in.
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7. The cost of the control system does not depend on the specific value of s selected.
Common notation includes:
A ordering cost, in e/replenishment
B1 cost per stockout occasion
D demand per year, in units/year
k safety factor
L replenishment lead time, in years
pu≥(k) probability that a unit normal (mean 0, standard derivation 1) variable takes on
a value of k or higher
Q order quantity, in units
r inventory carrying charge, in e/e/year
s order point, in units
SS safety stock, in units
v unit variable cost, in e/unit
xˆL forecast demand over a replenishment lead time, in units
σL standard deviation of errors of forecast over a replenishment lead time, in units
3.2 General approach of the traditional retail (s,Q) policy
The method of determining the reorder point s by using the following relationships
s= xˆL+SS (3.1)
and
SS= kσL (3.2)
where k is known as the safety factor. Thereby, the determination of a k value leads directly to a
value of s using these relationships. For this reason, all the policy will be computed in order of k
and Q and at the end, once the optimal values are found, it will result the optimal value of s.
3.3 Total cost in traditional retail (s,Q) policy
The expected total relevant cost equation approximated for the case where the lead-time de-
mand follows a normal distribution is:
ETRC(k,Q) = A
D
Q
+
[
Q
2
+ kσL
]
vr+B1
D
Q
pu≥(k) (3.3)
where the first term is the ordering cost, the second term is the holding cost and the final term is
the stockout cost.
3.3 Total cost in traditional retail (s,Q) policy 9
The ordering cost is the expected number of replenishments per year, DQ , multiplied by the ordering
cost per replenishment, A.
OC = A
D
Q
The holding cost is computed as the holding cost per unit (vr) multiplied by the expected
on-hand stock.
HC = E[OH] vr =
E[OHmin]+E[OHmax]
2
vr =
=
[
E[OHmax]−E[OHmin]
2
+E[OHmin]
]
vr =
[
Q
2
+ kσL
]
vr (3.4)
The minimum on-hand stock will occur just before a replenishment arrives. Its expected value
E[OHmin] equals the stock level where the order was placed (s), subtracted by the expected demand
during the replenishment lead time (xˆL):
E [OHmin] = (s− xˆL) = SS
On the other hand, knowing that each replenishment is of size Q, the expected on-hand stock just
after a replenishment arrives (i.e. the expected maximum OH) is
E [OHmax] = (s− xˆL)+Q= SS+Q
Therefore, the OH level drops during a replenishment cycle from SS+Q to SS, as it is shown in
Figure 3.1. Thus, the expected on-hand stock is
E (OH stock) =
Q
2
+SS=
Q
2
+ kσL (3.5)
Regarding the stockout cost per year, Equation (3.3) shows that it is obtained by multiplying
three factors: (1) the cost per stockout, (2) the expected number of replenishment per year and (3)
the probability of a stockout per cycle.
The probability of a stockout per cycle is defined as
p(dL > s)
where the demand during the lead-time, d1L, follows a normal distribution,
dL = xo ∼ N(xˆL,σL2)
In that case, if the reorder point is
s= xˆL+ kσL
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Time 
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Figure 3.1: Average behaviour of On-Hand stock in an (s,Q) system
Then, the probability of having a stockout is
p(dL > s) = p(xo > s) = p(xo > xˆL+ kσ1L)
Knowing that the probability density function of a normal distribution follows the next expression
fx(xo) =
1
σL
√
2pi
exp
(
−(xo− xˆL)2
2σL2
)
(3.6)
Then the probability can be expressed like
p(xo > xˆL+ kσ1L) =
∫ ∞
xˆL+kσL
fx(xo)dxo =
∫ ∞
xˆL+kσL
1
σL
√
2pi
exp
(
−(xo− xˆL)2
2σL2
)
dxo (3.7)
Now, considering the following variable change
uo =
xo− xˆL
σL
(3.8)
it can be deduced that duodxo =
1
σL , or dxo=σLduo. The integral limits change as: when xo= xˆL+kσL,
then uo = k and when xo =∞, then uo =∞. Thereby, applying the variable change, Equation (3.7)
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results in
∫ ∞
xˆ1L+kσL
1
σL
√
2pi
exp
(
−(xo− xˆL)2
2σL2
)
dxo =
∫ ∞
k
1√
2pi
exp
(−uo2
2
)
duo
=
∫ ∞
k
fu(uo)duo = pu≥(k) (3.9)
Equation (3.9) takes the expression of the standard normal distribution (Figure 3.2) where it is
known that:
dpu≥(k)
dk
=− fu(k) (3.10)
0
0,1
0,2
0,3
0,4
-4 -3 -2 -1 0 1 2 3 4
fu(uo)
uo
pu >(k)
𝑓𝑢 𝑢𝑜 =
1
2𝜋
exp(−𝑢𝑜
2/2)
k
Figure 3.2: The Unit Normal Probability Distribution
3.4 Decision rules in traditional retail (s,Q) policy
Once the cost function is provided, deriving it in order to the two parameters, k and Q it will
result in the expressions of the optimal values of these parameters.
(1) Optimal order quantity Q is given by:
∂ETRC(k,Q)
∂Q
= 0 ⇒ Q= EOQ
√[
1+
B1
A
pu≥(k)
]
(3.11)
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where EOQ is
EOQ=
√
2AD
vr
(2) Optimal safety factor k is determined in a similar way:
∂ETRC(k,Q)
∂k
= 0 ⇒ k =
√
2 ln
[
DB1√
2piQvσLr
]
(3.12)
Since the computation of each of these two parameters depends on each other, iterative process
is necessary. A suggested iterative procedure is to initiate with Q =EOQ, then use this value in
Equation (3.12) to find the corresponding k, and then finally solve Equation (3.11) to find the next
Q. This process would repeat until the values of s and Q do not change significantly. Because of
the convex nature of the ETRC function, the convergence of the iterative process is ensured.
Furthermore, the reason for starting with the EOQ is because it is the Q value that minimizes
the sum of the first two costs components in Equation (3.3), that makes it a good starting value.
However, it does not minimize the stockout cost. In fact, at that value it is still decreasing as Q
increases. That is the reason why Equation (3.11) is always greater than EOQ.
With enought iteration, the procedure results in an optimal order quantity Q∗ and an optimal
safety factor k∗ which allows to find the optimal reordering point s∗.
Chapter 4
Adapted (s,Q) policy to e-commerce
retail
This section will provide an adapted (s,Q) policy to e-commerce retail based on the policy
presented in Chapter 3. The policy will try to follow the same methodology as in that of the
previous chapter, with the objective of arriving at a better policy to e-commerce retail, namely
taking into account different demand types regarding the actual flexibility of using replenishments
from the supplier. This chapter starts by describing these demand types, and introducing the main
assumptions and notation, before explaining the general approach to obtain the optimal policy.
4.1 Demand context in e-commerce retail
The demand during the lead-time is critical for the computation of the total cost of a certain in-
ventory policy, since it will affect the holding stock and the probability of stockouts. This demand
complexity is greatly increased in e-commerce and deserves a distinct analysis.
In e-commerce retail the demand during the lead-time can be divided in three types: d(1)L , d
(2)
L
and d(3)L . Figure 4.1 explains how to classify the different demand types depending on the time
that the customer places the order, the time requested for the delivery, the time that the retailer
orders a replenishment and the moment that it arrives.
The notation includes:
R Reordering time
D Delivering time
CO Customer ordering time
CD Customer delivering time
OW Order window, OW =CD−CO
L Lead-time
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R D 
CO CD1 CD2 
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C2 
L 
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C3 
Figure 4.1: Demand classification
When CO≥ R (i.e., an order is placed during the lead-time), three cases can be defined:
• If CO→CD1 : Case 1 (traditional retail)
In this case, the order is settled after R and the delivery is planned to happen before D.
Hence, the retailer is in the same scenario as in the TR and he can only use the stock on-
hand.
• If CO→CD2 : Case 2 (e-commerce Retail)
In this case, the delivery takes place after D and that gives a certain flexibility to the retailer:
the stock on-order Q can be used to fulfill this order, leaving the stock on-hand to demand
of Case 1.
• If OW > L: Case 3 (e-commerce Retail)
Case 3 allows a new replenishment from the supplier to be ordered and received before
having to deliver to the customer. This happens because OW is greater than L. Therefore, if
the demand happens to be great enough to make the inventory position drop below s, then
the retailer would reorder and receive it before CD3. In other words, the retailer can count
on infinite inventory to fulfill this type of orders.
4.2 Main assumptions and notation in e-commerce retail (s,Q) policy
This policy makes the same assumptions as presented in Section 3.1. Apart from the common
notation introduced in Section 3.1, we need to further define the following notation:
xˆ1L forecasted demand of Case 1 over a replenishment lead-time, in units
xˆ2L forecasted demand of Case 2 over a replenishment lead-time, in units
σ1L standard deviation of errors of forecast of Case 1 over a replenishment lead-time,
in units
σ2L standard deviation of errors of forecast of Case 2 over a replenishment lead-time,
in units
xˆGL forecasted demand Case 1 plus Case 2 over a replenishment lead-time, in units
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σGL standard deviation of errors of forecast of Case 1 plus Case 2 over a
replenishment lead-time, in units
4.3 General approach of the e-commerce retail (s,Q) policy
The issue that this policy has to deal with is the introduction of the different demand types
during the lead-time in the total cost function. As mentioned before, in e-commerce retail, three
demand types coexist (Case 1, Case 2 and Case 3). Demand of Case 3 does not influence the com-
putation of neither the probability of stockout nor the holding costs. The probability of stockout
will not be affected because, as said in Section 4.1, this demand counts with infinite inventory to
be fulfilled. Hence, the probability of stockout due to this type of orders is zero. The holding costs
will not be affected either, since the replenishment to the supplier does not have to be ordered
while the remaining customer’s OW is larger than the lead-time. In other words, the retailer can
wait until an order of Case 3 becomes Case 2.
The probability of stockout will thus focus on Cases 1 and 2. Let us look at the (s,Q) system
as a two-bin system. In the moment that the IP drops to s and it is ordered a replenishment, the
first bin contains a stock quantity of s, which is the stock on-hand, and the second bin contains the
quantity of Q, which is the stock on-order. From then on, during the lead-time, demand of Case 1
will be fulfilled from the first bin, while demand of Case 2 will be fulfilled from the second bin.
Obviously, if the first bin runs out of stock, demand of Case 1 will not be fulfilled and a stockout
will occur. On the other hand, if demand of Case 2 is grater than Q, then part of that demand
would need to be fulfilled also from the first bin, i.e. from the on-hand stock. Thereby, if d(1)L > s
or d(1)L +d
(2)
L > Q+ s, there will be a stockout. This will be explained later in Section 4.5, where
the probability of stockout is presented.
Figure 4.2 explains the flexibility that e-commerce provides. If all the demand during the lead-
time was of Case 1, there is no difference between e-commerce and traditional retail, as shown
in the first replenishment in Figure 4.2. However, in the presence of some demand of Case 2, the
systems do not behave equally. Note that considering that d(2)L (in e-commerce retail) will consume
from the on-order stock Q, and not from the on-hand stock, can avoid a stockout, as illustrated in
the second replenishment represented in the figure. In other words, using a traditional retail policy
can lead to unnecessary stockouts, by the simple fact of taking demand of Case 2 from the on-hand
stock.
Therefore, to analyze the behavior of the stock during the lead-time, there exists the need to
distinguish what happens when demand of Case 2 is greater than the order quantity Q and when it
is not. From now on, let these two cases be defined:
• Case (A): This case takes place when a stockout occurs due solely to d(1)L . Then, the reorder
point has just to supply this part of the total demand during the lead-time. Thus, it follows
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Figure 4.2: Comparison of the Inventory Level behavior in both retail environments given the
same s and SS
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the same expression as in traditional retail:
sA = xˆ1L+SS (4.1)
where the safety stock has also just to account for this part of the demand
SSA = kσ1L (4.2)
• Case (B): This case takes place when a stockout occurs due to both d(1)L and d(2)L . Thereby,
the reorder point follows:
sB = xˆ1L+ xˆ
2
L−Q+ kσGL (4.3)
As opposed to traditional retail or Case (A), here the safety stock is not equal to the expected
lowest on-hand stock. The latter is defined as:
E[OHminB ] = sB− xˆ1L = xˆ2L−Q+ kσGL (4.4)
which is the reorder point (what is on-hand) minus what is expected to physically will leave
the inventory during the lead-time. On the other hand, the safety stock is just determined
by:
SSB = kσGL (4.5)
These two different ways to compute s depending on k have to be combined in some way. The
main motivation to establish this relation between s and k is the incorporation of a service level
measure (defined by k) in the computation of (part) of the decision (the reorder point s). Therefore,
in order to be conservative, s (or k) should be high enough such that in both cases (A) and (B), a
certain service level is assured. This reasoning results in the following expression:
s = max
(
xˆ1L+ kσ
1
L ; xˆ
1
L+ xˆ
2
L−Q+ kσGL
)
(4.6)
4.4 Total cost in e-commerce retail (s,Q) policy
As shown in Section 3.3 the starting point of the policy is the computation of the annual total
cost. This section will provide the expected total relevant cost for e-commerce retail following the
same approach as the traditional policy taking into account that s and E[OHmin] can be computed
in two different situations, case (A) or (B). In a general case, the expected total relevant cost will
be
ETRC(k,Q) =
D
Q
A+E [OH] vr+
D
Q
B1 prob(stockout) (4.7)
The first term of the expression, the ordering cost, is the same as in traditional retail. The
reason for that comes from the fact that the expected number of replenishments per year remains
the same, since it is obtained with the annual demand, which is the same even though the demand
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during the lead-time has been split.
OC = A
D
Q
The differences between the two policies start to arise in the second term, the holding cost.
As it has been shown in Equation (3.4), the total holding cost is given by the unitary holding cost
vr, multiplied by the expected on-hand stock. The expected on-hand stock will also be similar to
Equation (3.5), but replacing SS by E[OHmin]. Regarding the stockout cost, the way to compute
the probability of stockout in this demand context is explored in the next section.
In brief, the expected total relevant cost will be computed as follows:
ETRC(k,Q) =
D
Q
A+
[
Q
2
+max
(
kσ1L ; xˆ
2
L−Q+ kσGL
)]
vr+
D
Q
B1 prob(stockout) (4.8)
4.5 Probability of stockout in e-commerce retail
Arriving at an expression for the probability of stockout is not as simple as in the basic policy.
As it has been introduced in the beginning of Section 4.3, the probability of having a stockout has
to take into account the fact that in e-commerce one has two demands to deal with, Case 1 and
Case 2, which can be fulfilled differently.
Here is presented the probability of stockout in e-commerce retail:
prob(stockout) = p(d(1)L +max(0;d
(2)
L −Q)> s) (4.9)
where the two demands during the lead-time, d1L and d
2
L, follow normal distributions:
d1L = x1 ∼ N
(
xˆ1L,σ
1
L
2
)
(4.10)
d2L = x2 ∼ N
(
xˆ2L,σ
2
L
2
)
(4.11)
Recalling the (s,Q) system view as a two-bin system in Section 4.3, it is not the same having
a stockout in Case (A), where all d(2)L is being fulfilled with the on-order stock and the on-hand
stock is left to fulfill orders of d(1)L ; or if it happens in Case (B), where on-hand stock is used for
d(1)L and also for part of d
(2)
L . Thus, if d
(1)
L > s or d
(1)
L +d
(2)
L > Q+ s, there will be a stockout.
Going back to Equation (4.9), notice that actually the max term introduces the threshold be-
tween Cases (A) and case (B). However, the stockout probability is a conditional probability be-
cause of the this term. Depending on d(2)L being grater or not than Q, the probability of stockout is
one or another.
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Thus, the probability can be computed as follows:
prob(stockout) = prob(stockout1) + prob(stockout2) =
= p(d(1)L > s∩d(2)L ≤ Q)+ p(d(1)L +d(2)L > s+Q∩d(2)L > Q) = (4.12)
= p(d(1)L > s) · (d(2)L ≤ Q) +
∫ ∞
Q
∫ ∞
s+Q−xˆ2L
fx(x1) fx(x2)dx1dx2 (4.13)
Assuming that d(1)L and d
(2)
L are independent, d
(1)
L > s happens irrespective of d
(2)
L being greater
or lower than Q. Thereby, in Equation (4.12), the first term can be replaced by p(d(1)L > s) p(d
(2)
L ≤
Q). However, the second term cannot be computed in the same way because the events are clearly
not independent, since d(2)L appears in both. Hence, it has to be computed as it is shown in Equa-
tion (4.13).
Then, prob(stockout1) can be easily computed because both probabilities in the product are
easy to get either in Case (A) or in Case (B):
prob(stockout1,A) =
1
2
er f c
(
k√
2
)
+
1
2
er f
(
Q− xˆ2L
σ2L
√
2
)
(4.14)
prob(stockout1,B) =
1
2
er f c
(
xˆ2L+ kσGL −Q
σ1L
√
2
)
+
1
2
er f
(
Q− xˆ2L
σ2L
√
2
)
(4.15)
because, it is known that
p(d(1)L > sA) = p(d
(1)
L > xˆ
1
L+ kσ
1
L) = pu≥(k) =
1
2
er f c
(
k√
2
)
p(d(1)L > sB) = p(d
(1)
L > xˆ
1
L+ xˆ
2
L+kσ
G
L −Q) = pu≥
(
xˆ2L+ kσGL −Q
σ1L
)
=
1
2
er f c
(
xˆ2L+ kσGL −Q
σ1L
√
2
)
p(d(2)L ≤ Q)A = p(d(2)L ≤ Q)B = pu≤
(
Q− xˆ2L
σ2L
)
=
1
2
er f
(
Q− xˆ2L
σ2L
√
2
)
With respect to prob(stockout2), knowing that both demands are distributed normally, it can
be expressed as:
prob(stockout2) =
∫ ∞
Q
∫ ∞
s+Q−xˆ2L
fx(x1) fx(x2)dx1dx2 =
=
∫ ∞
Q
∫ ∞
s+Q−xˆ2L
1
2piσ1Lσ2L
exp
(−(x1− xˆ1L)2
2σ1L
+
−(x2− xˆ2L)”
2σ2L
)
dx1dx2 (4.16)
where, applying the same variable change that has been done before in Equation (3.8) for each
normally distributed variable, x1 and x2, it results in
prob(stockout2) =
∫ ∞
LB2
∫ ∞
LB1
1
2pi
exp
(
−u
2
1
2
− u
2
2
2
)
du1du2
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where the lower bounds from the integrals are
LB1 =
s+Q−σ1Lu2− xˆ1L+ xˆ2L
σ1L
(4.17)
LB2 =
Q− xˆ2L
σ2L
(4.18)
Now, integrating once in order to u1, prob(stockout2) results in
prob(stockout2) =
∫ ∞
LB2
1
2
√
2pi
exp
(
−u
2
1
2
)
er f c
(
s+Q−σ1Lu2− xˆ1L+ xˆ2L
σ1L
√
2
)
du2 (4.19)
prob(stockout2) =
∫ ∞
Q−xˆ2L
σ2L
1
2
√
2pi
exp
(
−u
2
1
2
)
er f c(a−bu2)du2 (4.20)
with a and b being
a=
s+Q− xˆ1L+ xˆ2L
σ1L
√
2
and b=
σ2L
σ1L
√
2
Unfortunately, Equation (4.20) does not have a defined integral, which just leaves the option of
solving it numerically.
This study suggests to generate the Series of Taylor of the function inside the integral in Equa-
tion (4.20), and then integrate it in order to u2. As it is known, the Series of Taylor is a perfect
approximation of a function when the order approaches infinity. If not, it is a good approximation
in the surroundings of the point where the series is computed.
It is important to note that the following two parameters will play a main role in the computa-
tion of this integral:
• Order of the series (N)
According to some preliminary experiments, an order between 20 and 30 will give good
results.
• Center point where the series is computed (p)
The point in which the Series of Taylor will be computed depends on the parameters s and
Q. It makes sense to perform the Series of Taylor in the maximum point of the function
g(u2). Being this point a maximum of a function, it is easy to arrive at an expression for it
by deriving the function, which has to be also solved numerically:
∂g(u2)
∂u2
= 0 ⇒ 2bexp(−(a−bu2)
2)√
pi
= u2 er f c(a−bu2) (4.21)
Although, this approximation will be acceptable if the upper bound of the integral is no longer
infinity. Knowing that u2 is distributed as a normal standardized probability function, values inside
three standard deviations from the mean account for the 99,73% of the set. Therefore, it will be
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considered that integrating from the lower bound until 3 gives an accurate result. Actually, the
reason why this approximation has to be done is because the end of the function obtained when
computing the Series of Taylor tend to infinity and integrating this function until infinity would
give an infinity value. Figure 4.3 illustrates how the Series of Taylor of order 20 approximates the
function g(u2). Setting the upper bound at 3, we are sure that the area under the series curve will
provide a good approximation, as shown in Figure 4.4.
In summary,
prob(stockout2) =
∫ 3
Q−xˆ2L
σ2L
1
2
√
2pi
exp
(
−u
2
1
2
)
er f c(a−bu2)du2 =
∫ 3
Q−xˆ2L
σ2L
N
∑
n=0
g(n)(p)
n!
(u2− p)n
(4.22)
where g(u2) is defined as
g(u2) =
1
2
√
2pi
exp
(
−u
2
1
2
)
er f c(a−bu2) (4.23)
and approximated with the series as
g(u2) =
N
∑
n=0
g(n)(p)
n!
(u2− p)n (4.24)
Notice that, N is the order of the series and p is the point.
u2
g(u2) Series of  Taylor, 
order 20
g(u2)
Figure 4.3: Series of Taylor approximation
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Figure 4.4: prob(stockout2) as the area under Series of Taylor approximation curve
4.6 Iterative process in e-commerce retail (s,Q) policy
Unfortunately, as the previous stockout probability was not defined, we are not able to derive
a closed form expression for the optimal values of both parameters, k and Q, as it happens in
Section 3.4. Even so, computing this probability numerically gives an accurate approximation of
these values.
Moreover, to arrive into these values simultaneously it is necessary to follow the same iterative
process that was presented previously. However, the way to compute the Total Cost expression
depends on which case the results are falling in, (A) or (B). This section provides the iterative
process to follow, in order to get these values, taking into account these two cases that have been
presented.
To start iterating, it is necessary a starting value of Q, introduce it to the total cost function and
then derive it in order to k, to find its value.
Given the pair of values ko and Qo from the previous iteration, the next iteration starts with
solving the value of the Q, named Q1, using the value of the previous k, ko. Then, the correspond-
ing k, named k1, is solved by using the value of the current Q1. To do this it is necessary to derive
the total cost function:
∂ETRC(ko,Q)
∂Q
= 0 ⇒ Q1
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∂ETRC(k,Q1)
∂k
= 0 ⇒ k1
Notice that the total cost function can be computed as Case (A) or Case (B). Thus, it is neces-
sary to know which case is going to be used in each iteration. Then, to iterate, it must be known
how to compute the total cost function in each iteration. To know it, what is suggested is to test
which is the case of the previous pair of values, because, as it has been seen in Equation (4.6),
each pair of k and Q form a case. Using the case of the previous values to found the next ones is an
approximation that permits to step forward, but as more iterations are made, more closer are the
values between iterations, and so, more similarities between cases. This way, when the iteration
converges the approximation is valid. Once it is known the case to use in next iteration, the first
value to solve is Q and then k, as it has been explained before.
Like in the traditional retail policy, this study proposes to proceed initiating with Q=EOQ and
start with two values of k, from Case (A) and from Case (B), and then iterate with each pair of
values of Q=EOQ and kA, and Q=EOQ and kB.
Qo = EOQ=
√
2AD
vr
To know which pair of values is the optimal one, it is necessary to evaluate them in the total cost
function, and select the one that gives the better result. It is important to note that the tests done in
this study confirm that the results given from both starting points are the same. This way, there is
no need to compute the iterative process from both branches.
Figure 4.5 illustrates the step by step procedure to compute the iterative process.
𝑄1
𝑘1
Case?
𝑄𝑜 = EOQ
𝑄0
𝑘𝑜
Case?
𝑄∗
𝑘∗
…
𝑄1
𝑘1
Case?
𝑄0
𝑘𝑜
Case?
𝑄∗
𝑘∗
…
Figure 4.5: Iterative procedure diagram
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Table 4.1: Iteration procedure to solve optimal values for e-commerce policy
0 1 2 3 4 5 6 7 8 9 10 Optimal values
Q 250,0 278,3 283,1 284,2 283,9 284,9 283,9 283,9 284,0 283,5 283,3 284
k 1,174 1,080 1,064 1,062 1,061 1,058 1,061 1,061 1,061 1,063 1,063 1,06
Q 250,0 250,4 278,4 282,7 283,4 283,8 283,8 284,9 283,9 283,8 283,4 284
k 2,952 1,173 1,080 1,065 1,063 1,062 1,062 1,058 1,061 1,062 1,063 1,06
Start with kA
Start with kB
Iteration number
4.7 Numerical illustration
This section is dedicated to illustrate the results of the iterative process for the following input
data:
A 30 e
B1 60 e/stockout
D 3000 containers/year
r 0,24 1/year
v 12 e/container
xˆ1L 100 containers
xˆ2L 100 containers
xˆGL 200 containers
σGL 50 containers
σ1L 50 containers
σ2L 50 containers
σGL 70,71 containers
Using this data, the iteration has been executed to solve the optimal values. The results are pre-
sented in Table 4.1.
Also, to validate this results, a 3D surface has been generated in order to plot the expected
total relevant cost in order to the order quantity Q and the safety factor k (see Figure 4.6), and be
able to validate the iteration with numerical obtained results.
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Figure 4.6: Plots of the numerical computation of the expected total cost (different perspectives of
the same surface)
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Chapter 5
Numerical study
With the new policy, a simulation has been made to have an empirical contrast of the results.
This simulation has been made using Excel sheets, combined with the application of some Macros
written under VBA, due to its simplicity and flexibility. In the next sections it will be explained,
firstly, which are the instances that have been generated to validate the results from the obtained
policy. Then it will be described the methodology used to arrive into the simulated results. The
last section, aims to provide numerical results in order to validate the adapted policy with some
artificial data instances and also compare it to the traditional policy.
5.1 Experimental instances design
The data used to perform the numerical study has been the same that was presented in Sec-
tion 4.7.
The simulations have been made with different parameters. For each combination of parame-
ters, different variations have been tested, each of these possible combinations will be an scenario.
Firstly, we have generated different coefficients of variance:
CV =
σL
xˆL
(5.1)
between 0,1 to 0,4 and the proportion of demand of Case 2 over the total demand during the lead-
time. This parameter is important, because it controls the main difference in e-commerce versus
traditional retail. This proportion is varied from 25%, 50% and 75%.
5.2 Simulation methodology
For a given scenario the simulation have been instantiated 5000 times to be able to compute
the average of the stockout probability and the average of the on-hand inventory, this allows us
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to compute the total cost, by computing each of the three partial costs, of that given scenario and
compare it to the result obtained with the analytical expressions.
The total demand obtained with the simulations must follow a normal distribution, as it has
been assumed in the computation of the total cost of the policy.
In the simulation, the inputs are the time between orders and the order window of each demand.
Recall that the order window, OW , is the time between the order is is placed and its delivery. With
respect to the time between orders, TBO, it is considered the time that takes between the customer
order arrives to the retailer.
To have the desired proportion between xˆ1L and xˆ
2
L demands, the order window was simulated
with a uniform distribution between 0 and the lead time in the case of 50% of xˆ2L. For the other
two cases it was necessary to have a skewed distribution. A logarithm normal distribution (log-
normal) was chosen to this end. The mean and standard deviation of the log-normal were turned,
in order to obtain the desired proportion of demands of Case 1 and Case 2. Case 3 was ignored in
our experiments, in order to simplify our study. Nevertheless, these type of orders would have a
impact similar to Case 2.
After having all the parameters and the demands fixed, Matlab is used to find the optimal
values of s and Q for each scenario. These optimal values have to be given as an input in the
Excel sheet to compute the simulations. This Excel sheet has been set up to simulate the inventory
behavior.
This inventory is separated in two parts: the on-hand stock and the on-order stock. The simu-
lation behaves as it has been explained in Section 4.3 where the two bin-system is described. Once
the TBO and the OW are generated, corresponding to each scenario, each demand is classified as
Case 1, Case 2 or none of these (if the order is placed after the lead-time). Demands from Case
1 and Case 2 meet the requirements of being placed during the lead-time. Then, if the OW of the
demand is lower enough that will be placed before the lead-time finishes, the demand is consid-
ered of Case 1. On the other hand, if the OW of the demand is large enough so that the order will
have to be delivered after the lead-time, the demand is considered of Case 2. In these cases, the
orders will be taken from each bin, depending of their classification, as it has been explained in
Section 4.3. All the other demands, those placed outside the lead time, are taken from the on-hand
part of the inventory.
The behavior of the inventory follows the traditional method, an order will be placed, and the
on-order stock bin will be restarted in value Q, whenever the on-hand bin reaches the s value. At
this point the simulation lead-time will be restarted at zero, as an indication that a new lead time
has started.
To generate more real cases, the simulation will start with a random given value of on-hand
stock in a moment when there is no on-order stock. Thus, this random value will be between the
minimum and the maximum value of stock that takes place during a non lead-time period: between
s and Q+SS.
After a given number of orders have been generated in the simulations sheet, it calculates the
number of periods that have taken place, or the number of orders that have been placed, the average
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Table 5.1: Validation results
Experimental Analitical Experimental Analitical Experimental Analitical Experimental Analitical
s
Q
TC 778,4 778,1 823,5 824,2 858,6 862,4 894,8 897,1
% error 0,21
s
Q
TC 772,1 770,4 799,9 799,2 825,1 826,7 854,1 859,7
% error 0,29
s
Q
TC 747,4 746,2 763,6 763,4 780,8 782,3 814,0 825,3
% error 0,43
0,760,270,060,14
De
m
an
d 
Ca
se
 2
 P
er
ce
nt
ag
e
0,16 0,02 0,19 1,37
50%
75%
0,23 0,08 0,19 0,65
258
58
25%
0,04 0,09 0,44 0,26
44
252 252 254
90
253 255 257 262
34 39
65 73 80
92 104 113 122
253 257 261 267
0,2 0,3 0,4
CV
0,1
of the on-hand stock and the number of periods that have had an stockout. This is calculated for
each instance. Average values of the stockout probability and average of holding-stock for each
scenario are returned. With those values the total cost can be directly computed.
5.3 Validation study
This section is dedicated to illustrate the numerical validation of the equations provided in the
policy that this study has developed. Table 5.1 shows the optimal values, the expected total relevant
cost appearing with the analytical expressions and the experiments. The table also provides the
percentage of error between the simulated cost and the analytical cost.
Referring to the results, it has been possible to verify the policy approach with the simulation
done. See that the percentage of error between the experimental and the analytical value of the
total cost varies between a 0,04% and a 1,37%.
5.4 Comparison of policies
This section is reserved to numerically demonstrate that the policy developed in this study
improves the benefits of a certain retailer that works in e-commerce.
Validating the numerical expected values, or theoretical results, with simulated results is
enough to prove that the policy gives a similarly behavior as it would have in the reality. However,
recall that the main goal of this study was to asses if an adapted inventory policy to e-commerce
could improve a retailer benefits. Therefore, this validation consists in evaluate the optimal values
of the traditional retail policy into the e-commerce retail simulation. This has been done to prove
that using the optimal values that result from the traditional policy, in an e-commerce retail are not
the optimal values anymore.
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Table 5.2: Policies comparison
EC TR EC TR EC TR EC TR
s 92 122 104 136 113 146 122 152
Q 253 255 257 260 261 266 267 274
TC 778,4 856,8 823,5 896,6 858,6 924,7 894,8 947,2
% savings 7,50
s 65 122 73 136 80 146 90 152
Q 253 255 255 260 257 266 262 274
TC 772,1 927,0 799,9 967,0 825,1 995,4 854,1 1014,4
% saving 16,73
s 34 122 39 136 44 146 58 152
Q 252 255 252 260 254 266 258 274
TC 747,4 997,1 763,6 1037,1 780,8 1066,1 814,0 1085,1
% saving 25,79
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15,4417,0017,2716,97
8,15 7,15 5,53
26,76 24,98
Table 5.2 collects both optimal values of s and Q, for each scenario, and illustrates the cost
reduction that provides the use of the adapted e-commerce policy.
Concerning to the results in respect to CV, the percentage of savings does not follow any trend.
Although, there is no apparent reason to thing that it should.
On the other hand, notice that, as greater is the percentage of demand of Case 2, the greater is
the percentage of savings using the e-commerce retail policy. This is obvious to happen because,
demand of Case 2 is a demand defined for e-commerce retail while demand from Case 1 is defined
as the demand in the traditional retail. Thereby, when only a 25% of the total demand is of Case
2, most of the demand during the lead-time is of Case 1, which is the most similar scenario to
traditional retail and that is why the optimal values and the total costs are quite similar. In the same
way, as this percentage of demand of Case 2 increases, the scenario is more likely to e-commerce
retail and the optimal values of both policies become more different, giving high percentages of
savings when e-commerce policy is used.
Chapter 6
Conclusions and future work
Inventory management in e-commerce opens new opportunities for retailers to improve their
operational efficiency. The time window between the moment when the customer orders and the
moment when the order should be delivered provides in advance information on the demand that
is to be fulfilled. Therefore, retailers can use this information to improve their decisions and lower
operational costs, maintaining the service level.
The literature on advance demand information in the context of inventory management has
almost 20 years. Nevertheless, this dissertation addresses for the first time a critical aspect related
to the way e-tailers tend to operate. Whereas existing ADI papers assume that retailers commit
to customer orders irrespective of their product availability, and only then decide which orders to
fulfill, we consider that retailers will only commit if there is available stock (given by on-hand and
on-order, and subtracted by previously committed stock). This feature complicates the problem
strongly, because orders have to be considered individually, as well as their depletion time.
We have thus adapted a (s,Q) policy to take into account different demand types, based on the
level of flexibility of using replenishments from the supplier. Our policy is optimal and has been
validated against simulation experiments. When compared to the traditional retail (s,Q) optimal
policy, our policy provides savings between 7,5% and 25,8%, depending on the portion of the
demand that can use in-transit inventory. These values were obtained in experiments that have
not considered ordering windows greater than the supplier lead time. If this feature was included,
potential savings would naturally increase.
Nonetheless, this is just a first step in exploring inventory policies that account for the order-
ing window of e-commerce customers. There are several paths to continue and extend this study.
Firstly, the term in the total cost expression, which could not be integrated exactly and was approx-
imated with a Series of Taylor, prevents us from having a close form expression to determine the
optimal policy parameters. Therefore, using a different approach to obtain a short, yet reasonable,
approximate expression would be of great value, as it is the missing piece in finding an expression
easy to use and understand.
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Secondly, validating the policy for cases where there is an order to the supplier before the
previous has arrived (multiple in-transit amounts at the same time) is not trivial, and would be an
interesting additional study.
Finally, the study could be improved by relaxing some of the assumptions enumerated in this
thesis, and properly adapting the policy to address these extensions. Some of the most interesting
extensions would be: non-stationary demand, periodic review, multiple items (sharing ordering
costs), other demand distributions (besides Normal), such as Poisson, and other service level mea-
sures, such as β -service level.
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